The Quincunx wavelet, the lifting scheme wavelet and the second generation bandelet transform are a new method to offer an optimal representation for image geometric. In the field of medical diagnostics, interested parties have resorted increasingly to medical imaging. It is well established that the accuracy and completeness of diagnosis are initially connected with the image quality, but the quality of the image is itself dependent on a number of factors including primarily the processing that an image must undergo to enhance its quality. The quality evaluation of compressed image is necessary to judge the performance of a compression method. This paper introduces an algorithm for medical image compression based on hybrid non-subsampled contourlet (NSCT) and quincunx wavelet transforms (QWT) coupled with SPIHT coding algorithm, of which we present the objective measurements (PSNR, EDGE, WPSNR, MSSIM, VIF, and WSNR) in order to evaluate the quality of the image.
Introduction
Today the massive use of numerical methods in medical imaging ((MRI, X scanner, nuclear medicine, etc.) generates increasingly important volumes of data. The problem becomes even more critical with the generalisation of 3D sequence. One of the most important problems in such applications is how to store and transmit images (Chappelier, 2005) . It is well established that the accuracy and precision of diagnostic are initially related to the image quality.
Over the past ten years, the wavelets (DWT), have had a huge success in the field of image processing such as encoding, weaknesses have been noted in its use in the detection and representation of the objects' contours, and have been used to solve many problems such as image compression and restoration (Mallat, 1989) . Many compression schemes by transformation have been proposed, we can cite the standards JPEG images, MPEG1 and 2 for video compression. Image representations in separable orthonormal bases such as Fourier, local Cosine or Wavelets cannot take advantage of the geometrical regularity of image structures. Standard wavelet bases are optimal to represent functions with piecewise singularities; however, they fail to capture the geometric regularity along the singularities of edges or contours because of their isotropic support. To exploit the anisotropic regularity along edges, the basis must include elongated functions that are nearly parallel to the edges. Multi-scale geometric analysis (MGA) developed recently provides a group of new basis that has anisotropic supports such as curvelets, contourlet, bandelet (Do and Vetterli, 2005; Beladgham et al., 2013) .
We introduce in this paper the evaluation of our hybrid compression algorithm based in the first step for NSCT for contrast enhancement the medical image (Feng et al., 2007) which we modify the nonsubsampled contourlet coefficients of images in corresponding subbands via a new and operable nonlinear mapping function and take the noise into account for more precise reconstruction and better visualisation. The second step for our algorithm we applied the QWT for compressed medical image which are better adapted to the image representation. This structure of decomposition allows the construction of a no separable transform. No separable wavelets, by contrast, offer more freedom and can be better tuned to the characteristics of images. Their less attractive side is that they require more computations. The quincunx wavelets are especially interesting because they are nearly isotropic (Salomon, 2004) . In order to evaluate image compression by our algorithm, we compare evaluation parameters results obtained with the existing techniques namely the biorthogonal CDF9/7 wavelets filter bank, CDF9/7 lifting sheme, and bandelet Transforms which we are tested by Beladgham et al. (2013) .
Finally, the results obtained with our algorithm are analysed and compared with results from JPEG and JPEG2000 algorithms for several medical test images (greyscale and colour image), followed by the concluding statements in Section 8.
Non-subsampled contourlet transform
In recent years, a new efficient directional multiresolution image representation has been proposed by Do and Vetterli (2005) called Contourlet transform that is implemented by combining multiscale transform followed by a local directional transform. The contourlet transform can be divided into two main steps: Laplacian pyramid (LP) decomposition and directional filter banks (DFB).
The comparison with wavelet transform, the contourlet can capture the intrinsic geometrical structures such as smooth contours in natural images. A drawback of contourlet transform is its shift-variant. Cunha et al. (2006) propose the NSCT (Figure 1 ), which is a shift-invariant version of the contourlet transform. NSCT not only has the multiscale and time-frequencylocalisation properties of wavelets, but also offers a high degree of directionality, anisotropy and shift-invariance, thus, can effectively capture geometry and directional information of images. 
The bandelet transform
Bandelet transform, introduced by Le Pennec and Mallat (2003) , built a base adapted to the geometric content of an image. Bandelet transform is an analysis tool which aims at taking advantage of sharp image transitions in images. A geometric flow, which indicates directions in which the image grey levels have regular variations, is used to form bandelet bases in bandelet transform. The bandelet bases lead to optimal approximation rates for geometrically regular images and are proven to be efficient in still image compression (Beladgham et al., 2013) video compression, and noise-removal algorithms (Hacene et al., 2013a) Apparently, bandelet transform is appropriate for the analysis of edges and texture of images.
In bandelet transform, a geometric flow of vectors is defined to represent the edges of image. These vectors give the local directions in which the image has regular variations. Orthogonal bandelet bases are constructed by dividing the image support in regions inside which the geometric flow is parallel. Let Q denote the i-th region, which composes the image support . The image is partitioned small enough into square regions, each region i  includes at most one contour. If a region does not include any contour, the image intensity is uniformly regular and the flow is not defined. In bandelet transform, these regions are approximated in the separable wavelet basis of 2 ( ) L  in:
where I  is an index set that depends upon the geometry of the boundary of Ω, and x 1 , x 2 denote the location of pixel in the image, 
The horizontal wavelet , H j n  have not vanishing moments along contour, to be replaced by new functions:
This is called bandeletisation. The orthonormal basis of bandelet of field warping is defined by:
Quincunx wavelets
The separable dyadic analysis require three families of wavelets, which is sometimes regarded as a disadvantage, in addition the factor of addition between two successive scales is 4 which may seem high. It is possible to solve these two problems, but at the cost of the loss of filter separability and therefore a slightly higher computational complexity. An analysis has been particularly well studied to find a practical application, known as "quincunx". Quincunx decomposition results in fewer subbands than most other wavelet decompositions, a feature that may lead to reconstructed images with slightly lower visual quality. The method is not used much in practice, but Vetterli and Kovacevé (1995) presents results that suggest that quincunx decomposition performs extremely well and may be the best performer in many practical situations. Figure 3 illustrates this type of decomposition (Beladgham et al., 2013) .
We notice that the dilation factor is not more than 2 between two successive resolutions, and that only one wavelet family is necessary. It is noticed that the dilatation step is 2 on each direction and the geometry of the grid obtained justifies the name given to this multiresolution analysis.
First, we recall some basic results on quincunx sampling and perfect reconstruction filter banks. The quincunx sampling lattice is shown in Figure 4 . Let [ ] x n  denote the discrete signal on the initial grid (Chen et al., 2007; Lee and Oppenheir, 1997) . Now, we write the quincunx sampled version of [ ] x n  as: Since quincunx sampling reduces the number of image samples by a factor of two, the corresponding reconstruction filter bank has two channels ( Figure 5 ). The low-pass filter H  reduces the resolution by a factor of 2; the wavelet coefficients correspond to the output of the high-pass filter 2G  (Manuela et al., 2005; Chen et al., 2007; Lee and Oppenheir, 1997) . The conditions for a perfect reconstruction is:
where H and G (respectively H  and G  ) are the transfer functions of the synthesis (respectively analysis) filters. In the orthogonal case, the analysis and synthesis filters are identical up to a central symmetry; the wavelet filter G is simply a modulated version of the low-pass filter H.
To generate quincunx filters, we will use the standard approach which is to apply the diamond McClellan transform to map a 1D design onto the quincunx structure (Yen-Yu Shen-Chuan, 2004 
SPIHT coding scheme
The SPIHT algorithm proposed by Said and Pearlman in 1996, ameliorate progressive algorithm is compared to the EZW algorithm. The Set Partitioning in Hierarchical Trees (SPIHT) is one of the most advanced schemes available, even outperforming the state-ofthe-art JPEG 2000 in some situations, based on the creation of three list SCL, ICL and ISL with a calculated threshold T, each time you make a scan on both lists SCL and ISL andthat for the classified the significant coefficient in the list of significant coefficient. The adapted for quincunx wavelet transform coupled by SPIHT is done in Hacene et al. (2013b) .
6 Proposed approach Hacene et al. (2013b) propose the medical image compression with quincunx transform directly without the pre-processing step; we done the best result than to other algorithm. Contrast enhancement is always a useful pre-processing step that eases further processing for the low dynamic range and low contrast images in the fields of computer vision and image processing. The basic idea in this article are choose the best transform for contrast enhancement medical image before compressing with our algorithm based on quincunx transform. Li et al. (2010) propose the best transform named NSCT for enhancement medical image. We are using this transform NSCT for enhancement our medical image and compressing by quincunx transform coupled with SPIHT coder. We summary our algorithm as follows:
1 Applied the NSCT of the input image using five scales of decomposition and 2, 4,4, 8, 8 directions in the scales from coarser to finer respectively and obtain the NSCT coefficients (Chang et al., 2000) .
2 Estimate the noise standard deviation with the median operator; and average energy distribution of standard white noise in each subband.
3 Modify the NSCT coefficients for each subband via the proposed nonlinear mapping function in article from Li et al. (2010) .
4 Reconstruct the enhanced image from the modified coefficients.
5 Applied the quincunx wavelet transform from the enhanced image and coupled with SPIHT coder.
Quality evaluation parameter

A The peak signal to noise ratio (PSNR)
It is the most commonly used as a measure of quality of reconstruction in image compression. The PSNR were identified using the following formulae:
Mean Square Error (MSE) which requires two MxN greyscale images I and where one of the images is considered as a compression of the other is defined as:
 The PSNR is defined as:
Usually an image is encoded on 8 bits. It is represented by 256 grey levels, which vary between 0 and 255, the extent or dynamics of the image is 255.
B Edge measurement (edge)
This type of quality measure can be obtained from,
where ( , ), ( , )) Q i j Q i j are the edge gradients of the original and compressed image, of which we used the canny operator to determine ( , ) Q i j and ( , ). Q i j The higher of Edge measurement means the lower of image quality.
C Weighted peak signal to noise ratio (WPSNR)
Based on the fact that human eye is less sensitive to changes in textured areas than in smooth areas, WPSNR has another parameter that takes in to account the texture of the image (Navas et al., 2008 
Noise Visibility Function (NVF) uses a Gaussian model to estimate the amount of texture content in any part of an image (Mohammed and Abou-Chadi, 2011) . In regions with edges and texture NVF will have a value greater than 0 while in smooth regions the value of NVF will be greater than 1.
where bloc  is the luminance variance for the block, and NORM is the normalisation function.
D The visual information fidelity
VIF criterion quantifies the Shannon information that is shared between the reference and distorted images relative to the information contained in the reference image itself. It uses natural scene statistics modelling in conjunction with an image-degradation model and an HVS model Seshadrinathan et al., 2005) . Visual Information Fidely (VIF) utilises the Gaussian scale mixture (GSM) model for wavelet NSS. VIF first performs a scale-space-orientation wavelet decomposition using the steerable pyramid and models each subband in the source as C = S U, where S is a random field (RF) of scalars and U is a Gaussian vector RF. The distortion model is D = GC + v, where G is a scalar gain field and v is additive Gaussian noise RF. VIF then assumes that the distorted and source images pass through the human visual system and the HVS uncertainty is modelled as visual noise: N and N' for the source and distorted image respectively; where N and N' are zero -mean uncorrelated multivariate Gaussians. It then computes E = C + N and F = D + N'. The VIF criterion is then evaluated as (Dumic et al., 2010; Moorthy et al., 2010; Wang and Li, 2011) :
where, I(X;Y/Z) is the conditional mutual information between X and Y, conditioned on Z; s j is a realisation of S j for a particular image and the index j runs through all the sub bands in the decomposed image. Results of this measure can be between 0 and 1, where 1 means perfect quality and near 0 means poor quality. F. Weighted signal to noise ratio (WSNR). A different approach to PSNR was presented: As the human visual system (HVS) is not equally sensitive to all spatial frequencies, a contrast sensitivity function (CSF) is taken into account. The CSF is simulated by a low-pass or band-pass frequency filter. First of all, the difference of the reference and the distorted image is computed. Then the difference is transformed into frequency domain using 2-dimensional fast Fourier transform. The obtained error spectrum is weighted by the CSF resulting in weighted error spectrum. The last thing to do is to compute the power of the weighted error spectrum and the power of the signal (also transformed into frequency domain). Kite et al. (2000) proposed the use of weighted SNR (WSNR) for the subjective quality measure of halftone image. WSNR weights the Signal-to-Noise Ratio (SNR) according to the contrast sensitivity function (CSF) of the human visual system. For an image of size MN pixels, WSNR is defined as (Jiang et al., 2009 ):
where X(u, v), Y (u, v), and C(u, v) represent the Discrete Fourier Transforms (DFT's) of the input image, output image, and CSF, respectively.
E The structural similarity index (SSIM)
This parameter compares the similarity the brightness, contrast and structure between each pair of vectors, where the structural similarity index (SSIM) between two signals x and y is given by the following expression (Wang and Bovik, 2002; Wang et al., 2004) . 
The quality measurement can provide a spatial map of the local image quality, which provides more information on the image quality degradation, which is useful in medical imaging applications. For application, we require a single overall measurement of the whole image quality that is given by the following formula:
Where and are respectively the reference and degraded images, and are the contents of images at the i-th local window. M: the total number of local windows in image. The MSSIM values exhibit greater consistency with the visual quality.
Results and discussion
We are interested in lossy compression methods based on 2D contourlet quincunx wavelet transforms because of their interesting properties. Indeed, the 2D wavelet transforms combines good spatial and frequency locations. As we work on medical image, the spatial location and frequency are important (Buccigrossi and Simoncelli, 1999; Chandler and Hemami, 2002) .
In the first, we used the NSCT toolbox; while for the contourlet transform, we choose the biorthogonal Daubechies "9-7" filters for the Laplacian stage and the fan filters designed by Phoong et al. (1995) . It's clear that the medical image contrast has been improved by proposed NSCT-based enhancement approach tested by Li et al. (2010) , with p = 0.75 where p is a constant which controls the shape of the mapping function as well as the rate of enhancement.
We applied our algorithm (NSCT+QWT+SPIHT), on the test image 'Axial' of size 1024x1024 encoded by 8bpp. This image is taken from the GE Medical System database. These images were tested on Intel Core (I3) 2.13Ghz PC with 2GB of RAM using matlab2009b.
This main objective of the research work is to generate medical image enhancement algorithm by NSCT which would take into account all the short comings of the existing algorithms and thereby come up with some techniques that will help to generate high resolution denoised good contrast images. The proposed algorithm uses NSCT+QWT+ SPIHT for this purpose and generates high resolution images having better parameters for assessing quality (PSNR, LMSE, EDGE, WPSNR, MSSIM, VIF, WSNR) as compared to conventional algorithms cited in this article.
The importance of our work lies in the possibility of reducing the rates for which the image quality remains acceptable. Estimates and judgments of the compressed image quality are given by the parameters for assessing quality (PSNR, LMSE, EDGE, WPSNR, MSSIM, VIF, WSNR) to extend the effectiveness of this algorithm. By comparing the various parameters of quality assessment (PSNR, EDGE, WPSNR, MSSIM, VIF, WSNR), we show clearly the effectiveness of our algorithm in terms of compressed image quality. We note that from 0.5bpp, image reconstruction becomes almost perfect. We observe that compression degrades to a lesser extent the image structure for a low compression bit-rate. However, for high compression bitrate, our algorithm better safe guards the various image structures. We note that our algorithm is adapted for the medical image compression. Now, we tested our algorithm on different test medical images (MRI, Abdo, Angio, Chest and retinographic colour) image of size 512 x 512. We applied our algorithms for our colour image for each layers after converted RGB space to YCrCb layers. The results obtained by our approach (NSCT+QWT+SPIHT) for lossy medical image compression are improved compared to JPEG and JPEG 2000 for bit rate 0.5bpp ( Figure 13 ). Visually, from the five curves, it is clearly that the (NSCT+QWT+SPIHT) algorithm allows us to have a good image reconstruction so a better image visual quality and this is proved by the large values of the parameters evaluation. 
Conclusion
The objective of this paper is undoubtedly the enhancement of medical images quality after the compression step. The latter is regarded as an essential tool to aid diagnosis (storage or transmission) in medical imaging. We compared the contourlet quincunx wavelet transform, contourlet bandelet transform and the contourlet biorthogonal wavelet 9/7 based on the filter band and the lifting scheme coupled with the SPIHT coding for the greyscale and colour medical image. After several applications for different modality medical images, we found that the algorithm for the contourlet quincunx wavelet transforms gives better results than the other compression techniques with JPEG and JPEG2000. In order to assess the quality of compressed image, we have applied our algorithm on different types of medical images (MRI, ABDO, ANGIO, chest and retinographic colour). We have noticed that for 0. 5 bpp bit-rate, the algorithm provides very important PSNR, WPSNR, EDGE, MSSIM, VIF and WSNR values. Thus, we conclude that the results obtained are very satisfactory in terms of compression ratio and compressed image quality.
